Visual object categorization is a critical task in our everyday life. Many studies have explored 
METHODS

104
Subjects
105
Two male adult macaque monkeys were used in this experiment. Before training, the monkeys 106 were prepared with head restraints and recording chambers implanted stereotaxically on the 107 dorsal surface of their skull under aseptic conditions while monkeys were anesthetized with 108 sodium pentobarbital. All experimental procedures were in accordance with the National presented on a 19 inch CRT monitor (resolution: 800 x 600 pixels), placed 57 cm in front of the 122 monkey seated in a primate chair.
123
Tasks
124
Passive fixation task: monkeys were trained to perform a passive viewing task (Fig. 1A) .
125
Following 400 ms of fixation on a white fixation point at the center of the screen, a randomly Two-alternative forced choice body/object categorization task: we trained two monkeys 133 for 'body/object' categorization task (Fig. 1B) . The monkeys started a trial by fixating on a 134 fixation point within a 2.4° x 2.4° window at the center of the screen. The fixation point duration 135 was randomly chosen from three variable durations (350, 400 or 450 ms). This pre-stimulus stimuli: 92.50% ± 2.41, novel stimuli: 86.67% ± 3.12, t-test, p = 0.14).
157
In each recording session monkeys performed both passive categorization tasks. At the 158 beginning of each recording session 810 noisy stimuli in the image set were randomly divided 159 into 9 blocks of 90 images separately for each task. Monkeys were presented with an interleaved 160 order of passive and categorization blocks starting randomly with either of them in each 161 recording session (Fig. 1C) . Only recording sessions in which the monkeys successfully 162 completed at least half of the trials in both tasks were included in the analysis. Median number of 163 trials per category in both tasks was 360 (mean±sem; passive: bodies = 342 ± 10, objects = 340 ± 164 9.5; categorization: bodies = 338 ± 10.3, objects = 336 ± 9.9). The eye position was measured by 165 an infra-red eye-tracking system.
166
Recording
167
In a preparatory surgery, head restraints and recording chambers were stereotaxically implanted 
Analysis of the response modulation Index (RMI)
210
RMI was used as a normalized index to examine the rate modulation in categorization 211 task compared to the passive task:
were the averaged evoked response of each neuron in categorization (only and suppression in categorization compared to passive, respectively.
216
Analysis of the response variability (Fano Factor)
217
Fano Factor (FF) was used as the index of response variability: 
were the mean response of each neuron to body and object images, respectively. 
RESULTS
252
We trained two monkeys to perform two different tasks: passive fixation (called "passive") and 253 two-alternative forced choice body/object categorization (called "categorization"). In these two 254 tasks the same images were presented to the monkeys in two different behavioral contexts. In the 255 passive task monkeys passively viewed the images to get a reward (Fig. 1A) , while in the 256 categorization task they were required to correctly categorize the images as bodies or objects to 257 get a reward (Fig. 1B ). Images were selected from different body and object subcategories and 258 were presented to the monkeys with different levels of added noise (Fig. 1C-D) . Blocks of these 259 two tasks were presented to the monkeys in an interleaved order (Fig. 1E ). 
274
To study the neural signature of the behavioral demands we plotted the d-prime over time 275 in two different tasks for exemplar body (C52) and object (C83) neurons, measured in 100-ms 276 sliding windows (Figures 2A-B) . We observed that category selectivity was improved during the 277 evoked response in the categorization task compared to the passive task, making each group of 278 neurons more selective to their preferred categories (1000 bootstrap replicates, t-test, 100 to 400 279 ms, p < 10 -5 in both neurons). We studied these changes at the population level and observed categorization performance to obtain more reward.
295
To explore the effect of task difficulty, we measured the d-prime modulation in each To see how category representation at the population level was modulated between these two 303 tasks, a linear classifier was trained on the population of neurons to discriminate body and object 304 images in each task. Figure 2G shows the performance of the classifier as a function of the 305 number of body and object neurons for categorizing images into bodies and objects in each task.
306
Increasing the number of neurons enhanced the categorization performance from chance level bootstraps, t-test, p < 10 -5 ). Figure 3B shows similar results for the exemplar object neuron (1000 328 bootstraps, t-test, p < 10 -5 ). We also plotted the averaged response of the population of body
329
( Figure 3C ) and object ( Figure 3D ) neurons to their preferred and non-preferred categories in 330 different tasks and observed similar results at the population level.
331
To quantify this observation we measured a response modulation index (RMI) in each 332 neuron for different image categories (see Methods). Positive RMI values were indicative of 333 response enhancement in categorization task compared to the passive task. We measured RMI 334 values of the body neurons for body images (4.97% ± 1.09) and object images (1.93% ± 1.11).
335
RMI in the population of body neurons for both preferred and non-preferred categories was 336 significantly larger than zero (t-test, preferred category: p = 0.000016, non-preferred category: p 337 = 0.043, n = 51). RMI of the population of object neurons for both body (3.92% ± 1.18) and 338 object images (7.72% ± 1.40) were also significantly larger than zero (t-test, preferred category: 339 p = 0.000001, non-preferred category: p = 0.00095, n = 44).
340
We also compared the RMI values for the preferred and non-preferred categories. RMI 341 difference was measured as RMI for preferred category minus RMI for non-preferred category.
342
The results showed that RMI values were larger for preferred than non-preferred categories in 
355
Response Variability in Categorization vs. Passive Viewing
356
The variability of the neural response to different members of each category is an important 357 factor in measuring the d-prime or how well a neuron could discriminate between two categories.
358
We plotted the Fano Factor (FF) of the exemplar body (C52, Figure 4A ) and object (C83, Figure   359 4B) neurons across time, measured in 100-ms sliding windows (see Methods). We observed a 360 decrease in FF after the stimulus presentation in both neurons which was stronger in the 361 categorization compared to the passive task. We also plotted the FF in time for the population of between the response distributions to those categories and enhances the category 424 discriminability.
425
We found that the amplitude and the variability of the responses were modulated in a 426 direction that led to higher discriminability power. There was a larger rate enhancement for the 
443
The origin of the modulation in the category representation could be a "hierarchical" top- 
456
Understanding the origin of the task-related signals is a challenging topic that needs further 457 studies with specific design to address this question.
458
In conclusion, we found that selective rate enhancement and lower response variability in This work was supported in part by a grant from Iranian National Science Foundation (INSF).
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We thank Reza Rajimehr for his comments on the manuscript. Responses to both image categories enhanced in the categorization compared to the passive task, 641 but more rate enhancement happened for the preferred category (both black distributions moved 642 to the right relative to the corresponding gray ones, but the solid one moved more). Response 
